
Ho: All bug, no signal

I:Bkg +signal

Poission loglikehood:PIC.os

P,e,) =2 e,-0:+0:loge,,8i: observed, ei=expected
sample;

dot=2 b/c we usuallywant 2Dgraph

Ple,os> critical value is rejectHo
(shown atleft)

->
dot ↓xxXin.

The entries are chiz.ppt

Estimator properties
Consistency:ls=0

ttrue value of the parameter a

Bias:b =ECP] -0

Efficiency:E is efficient if its variance VII] is small



Rao. Cramer-Frechet
dminimum variance bonn

hat means estimator
I 0 =parameters f =unknown PDE

Variance VIO]? I"los x=measurement thatwe're interested in

Information matrixIjk(E) =-E(EI

NsetaxUS,sdee
Maximum likelihood
PDFf(xi:0,ri)=rexpl-FeY

log-likelihood (n (10) =- IEP)"+const. Maximize InL

In (10) =InL18) - 10-) max. Likelihood

=> (10) < exp(-2.0-is
·

general from
<exp)-(8-H (-))

estimatst --

VI]->ICOS"maximumlikelihood reaches

To =Lt =(-)
Iij)=-E[*] =H

In2015) - InL10)= -I



2 ways to estimate uncertainties (or SD o

· Fo;=1,;osthe diagral element

· oInL=(n(10)-1(10) = -- for so anfidence interval

Least square xo'

Chiz=Exisy", a is often known (-/xias)

estimates i is found byminimizing chiz: =0 F;

Comparing with previous, we have chiz=-2InL

general form ofchiz=(y-fies)*vy-fios)
y =(Yi3, fios =3+1x,;os

V =covariance matrix of X chi2IPS=chitwin-s
for so confidence interval

Vij =E[4i -E(X,3)(yi -E(X,])]

Vis=(/o_)"=H



Linear least square f(x,0) =E,a;(x)0;
Suppose f =A 0, where A:design matrix

=>chiz=LY-AOSV(y-AU)
minchiz => R =Ly, where 2:Atr"A)Atv

VIOS =LVL = A*vA) =H-

Hessian matrixi = I= A't

Jeffreys prior
The uniform prior (0) has problem if the range of0

C

1 =(x10) dO => i0) = x FO

Robust measurement
· arbitrary choice of prior makes no greatdifference
· "uniform" price is uniform is the correctvariable [so)**, 0" hp, etc.



io) =i10s () I
parameter 0, price in

log-likelihood In L
=I =JEcos

Fisher information [10) = -E():E(4)
=) (Folnfix:0)] "fix:0) dx

For mutiple parameter, TT(O) &SEE), where I is Fisher matrix

Kolmogorov -Smirnor test
The bestknown unbinned goodness of fit test isofsamples

empirical cumulative fr. Frix) =NYE,S(X), SIXi): E
0 X2X;

IX)X;

Ho cumulative fu. F(x)

test stat:Dr =max/Frix) - F(x)) *x

p-value =2 E, E1)""expl-2;ND) => find the Dr critical value

Smirnor- Cramer-von Mises test is alternative to this.

teststat:W =SCEx) -Fexs]"dFix)



Feldman-Cousins confidence interval
likelihood L, observed x.

ordering principle R =2 actual meanM, max, likelihood mean is

The interval (x1, xr] is given bysolving
· R(X) =R(X)

· SY(x1m)dx =1- 2 for confidence level a

Unfolding
true distri fits

measured(binned distri. g(s) Fredholm integral equation
direct process gis) (15,t) f(x) dt +b(s) =g(s)
-f(t) Monte Carl ↑

Kernel fn., response fr

inverse process f(t)g(S)-unfolding

↑ fluctuation is Poisson like

=> due to finite resolution there is

migration between bins (smearing)

↓
due to efficiency, some entries are missing

↓ due to non-linear detector response fr.

there is a shift, on average in a certain

direction



Structure of ML
Inputx EX customer into

Outputy cY good or bad credit

Target fr. 5:X->Y ideal credit card approval formula

Hypothesis g: X->Y bestcredit card approvalformula

Hypothesis set G =(all possible candidates forg
Data D =( (Xi, fi) Fi3

data set
learning algo

D ->
A
- hype

↓
final hypo
f=g



from
scikit-learn.org

W



1804.09720

ML/DL in physics
astrophysics
computer vision

to identify
stars

particle physics
neutral network

to classifyhigh

energyparticle jets



1606.02318

quantum manybody

neural network quantum state14) many bodyquantum
state

to find approx, wave fur

<......Sw14, W7 =FCs, .... S,wS

W is the parameters to optimize

energyECW) = <4,W/1/4,W) is
minimized


